Neonatal infection remains a primary cause of infant morbidity and mortality worldwide and yet our understanding of how human neonates respond to infection remains incomplete. Changes in host gene expression in response to infection may occur in any part of the body, with the continuous interaction between blood and tissues allowing blood cells to act as biosensors for the changes. In this study we have used whole blood transcriptome profiling to systematically identify signatures and the pathway biology underlying the pathogenesis of neonatal infection. Blood samples were collected from neonates at the first clinical signs of suspected sepsis alongside age matched healthy control subjects. Here we report a detailed description of the study design, including clinical data collected, experimental methods used and data analysis workflows and which correspond with data in Gene Expression Omnibus (GEO) data sets (GSE25504). Our data set has allowed identification of a patient invariant 52-gene classifier that predicts bacterial infection with high accuracy and lays the foundation for advancing diagnostic, prognostic and therapeutic strategies for neonatal sepsis.
A case-control gene expression profiling study of whole blood taken from neonates at the first clinical sign of sepsis and control healthy neonates. Study includes training and replication sets for blood culture positive samples and clinical evaluation set of blood culture negative sepsis cases. Results compared blood culture or cerebrospinal fluid positive septic neonates, blood culture negative septic neonates and healthy control neonates. Prior power calculations were based on Healthy Edinburgh neonates using the CodeLink platform and Gambian infants (9 months of age) were used for further refinement of power calculations using Illumina HT-12 platform.
http 
Contents lists available at ScienceDirect

Genomics Data j o u r n a l h o m e p a g e : h t t p : / / w w w . j o u r n a l s . e l s e v i e r . c o m / g e n o m i c s -d a t a /
Direct link to deposited data
Deposited data are available here: http://www.ncbi.nlm.nih.gov/ geo/query/acc.cgi?acc=GSE25504.
Experimental design, materials and methods
Patient demographics and experimental design
The study was conducted in the Neonatal Unit, Royal Infirmary of Edinburgh and the Division of Pathway Medicine, University of Edinburgh. The patient demographics, microbial organisms isolated and reasons for blood sampling in controls for all patient sets are shown in Table 1 . Infants having blood cultures taken to investigate suspected infection (Table 1B) and "well" control infants having blood taken for other clinical reasons (Table 1C) were studied. Samples taken from patients with suspected clinical infection that proved to have microbiological evidence of infection from a usually sterile body site were identified and formed the infected group. Full clinical assessment for early and late symptoms and signs of sepsis followed criteria for neonatal sepsis taken from data as detailed in Table 2 , with the blood culture test used as the 'gold standard' for diagnosis of sepsis. Five infants had samples included from more than one episode of infection. To meet with laboratory regulations, samples that could be considered 'high risk' were excluded. Infants were not included in the study if the mother was known to be positive for hepatitis B, HIV or hepatitis C viruses. In cases where the mother was known to have a history of drug misuse and had not had antenatal screening for blood-borne viruses, the infants were also excluded. Other exclusion criteria were infants who did not require clinical blood samples and infants for whom extra blood sampling might be of particular risk, for example, infants with an underlying disorder causing anemia. Before embarking on this study we had previously performed a power calculation using the CodeLink chip platform [1] on neonatal samples but we also performed a power calculation using the Illumina chip platform, on an independent set of 30 infant samples at 9 months of age, before vaccination. This showed that the study design has 90% power to detect a twofold change in expression with an a of 1% (false discovery rate (FDR) corrected), for more than 99% of 35,177 gene probes present on the array [2] . A schematic of patient recruitment and sample processing workflow for the samples processed for the training, replication and validation arm of the study is shown in Fig. 1 .
Sample collection and RNA extraction
For RNA isolation, blood (500 μl-1 ml) was immediately injected into PAXgene TM blood RNA tubes (PreAnalytiX BD/QIAgen) and mixed by inversion. Samples were then frozen at −20°C until RNA extraction occurred as described previously [1] . RNA was quantified and A 260 :A 280 ratios generated using a ThermoSpectronic NanoDrop TM 1000 spectrophotometer. RNA quality was assessed qualitatively by examining the electropherogram and quantitatively from the RNA integrity number (RIN) generated by an Agilent 2100 Bioanalyser.
Gene expression profiling using microarrays
Microarray study design
This study was designed as a prospective case-control study to biologically and computationally infer a set of genes acting as a reliable classifier for bacterial sepsis in neonates. This design entails a main data set to identify genes and train a classification algorithm and is referred to as 'training set'. Subsequent validation of the trained classifier requires independent data sets referred to as 'test sets' (distinctions between them outlined below). Based on earlier power calculations, the training set (Illumina HT-12 v3 platform) was established with 27 patient samples with a confirmed blood culture-positive test for sepsis (bacterial infected cases) and 35 age-matched controls (it also contains one cytomegalovirus-infected case that was not used for classification), all sub-selected by sample quality from the full study population. For assessing reproducibility of our gene classifier with a different assay platform, we examined a subset of 42 of these samples using the CodeLink gene expression platform (comprising 18 bacterial infected and 24 control samples) named in this study as 'platform test set'. Subsequently, for independent clinical evaluation, the 52-gene set classifier was applied to a further 29 new and independent samples (comprising 16 bacterial infected, 3 viral infected and 10 control samples) named in this study as 'validation test set' which were analyzed using the CodeLink, Affymetrix HG-U133 Plus 2.0 and Affymetrix U219 gene expression platforms. The classifier was then used on 30 suspected infected samples and classification of samples into infected and noninfected cases compared against an 'expert' clinical classification.
RNA labeling and hybridization
For Illumina HT-12 v3 arrays total RNA was converted to doublestranded cDNA, followed by an in vitro transcription amplification step to generate labeled cRNA, using the Ambion Illumina TotalPrep-96 RNA Amplification Kit. The cRNA was quantified by A260 measurement using a NanoDrop TM 1000 spectrophotometer. The cRNA was normalized and hybridized onto the Illumina HT-12 v3 arrays overnight (16 h) at 58°C. The unhybridized and non-specifically hybridized cRNA was washed away. The arrays are stained with Cy3-Streptavidin to bind to the analytical probes that have hybridized to the array. Arrays were scanned using an Illumina IScan scanner and fluorescence emissions were recorded in high-resolution images. The intensities of the images were extracted using GenomeStudio (2010.3) Gene Expression Module(1.8.0) software. For CodeLink arrays the biotin-labeled cRNA target is prepared by a linear amplification method using tailed oligo dT priming of total RNA. After second-strand cDNA synthesis, the cDNA undergoes an in vitro transcription (IVT) reaction to produce the target cRNA. Various quality control procedures are incorporated. Hybridization is performed overnight and post-hybridization processing includes a stringent wash to remove unbound and non-specifically hybridized target molecules and staining with Cy TM 5-streptavidin conjugate.
Several non-stringent washes remove unbound conjugate. The bioarrays are then dried and scanned on the Agilent G2567A scanner at 5 nm resolution. Raw data were obtained from the scanned images using CodeLink TM EXPv4.1 (GE Healthcare) feature extraction software. For Affymetrix HG-U133 plus 2.0 arrays biotin labeled cRNA target is prepared by a linear amplification method following reverse transcription of total RNA into T7 tailed double stranded cDNA. Biotinylated target cRNA was purified using RNeasy columns according to the manufacturer's instructions (QIAgen Ltd., Crawley, UK) and quantified by spectrophotometry. Fifteen micrograms of purified biotinylated cRNA was fragmented by heating for 35 min at 94°C in the presence of magnesium ions, spiked with eukaryotic hybridization control and hybridized to HG-U133 plus 2.0 microarrays overnight at 45°C. After hybridization the arrays were washed, stained with phycoerythrin coupled streptavidin and processed on the Affymetrix GeneChip Fluidics Workstation 400 using the EukGE-Ws2v4 protocol. Microarrays were then scanned using the Affymetrix GeneChip Scanner 3000 using GeneChip Operating Software instrument control and data acquisition system.
For Affymetrix U219 arrays total RNA was reverse transcribed to synthesize first-strand cDNA. This cDNA was then converted into a double-stranded DNA template for in vitro transcription to synthesize cRNA incorporating a biotin-conjugated nucleotide. This cRNA was then purified to remove unincorporated NTPs, salts, enzymes, and inorganic phosphate. The biotin-labeled cRNA was then fragmented and prepared for hybridization using the GeneChip HT Hybridization, Wash and Stain Kit for GeneTian (Affymetrix). Arrays were then processed and scanned on the Affymetrix GeneTitan Instrument as detailed in the Affymetrix GeneChip Command Console 2.0 User Guide.
Data normalization and analysis
For the computational and statistical pathway biology aspects of this study, a summary of the data analysis workflow is shown in Fig. 2 . The chronological processing stages cover: data quality control, processing, statistical analysis, gene feature selection and classifier testing and validation.
Data quality control: High-quality RNA (RNA integrity number (RIN) greater than 7) from infected and control infants were hybridized onto Illumina Human Whole-Genome Expression BeadChip HT-12 v3 microarrays comprising 48,802 features (human gene probes). Gene expression levels, distributions and controls were assessed using the arrayQualityMetrics package in Bioconductor [3] . A gender check was performed using Y-chromosome-specific loci.
Processing: Using the 'lumi' Bioconductor package, raw data from 63 samples were transformed using a variance stabilizing transformation before robust spline normalization to remove systematic betweensample variation. Microarray features that were not detected (using function 'detectionCall') on any of the arrays were removed from analysis and the remaining 23,342 features were used for subsequent statistical analysis.
Statistical analysis: Data were statistically examined to assess gestational age as a confounding factor. Within each sample group (control, infected), samples were age classified into bins based on the 33% and 66% corrected gestational age quantile values, yielding three age groupings. Per-gene hypotheses of differential expression between bacterial infection cases and control neonates were tested through linear modeling of the log 2 scale expression values between groups and subsequent empirical Bayesian approaches to moderate the test statistic by pooling variance information from multiple genes (Bioconductor package 'limma' [4] ). This included vertical p-value adjustment for multiple testing (Benjamini-Hochberg) to control for false discovery rate at a 1% level.
Gene feature selection for classifier: Computational network-based approaches were used to examine relationships in the data using correlation of gene expression and biological relationships. Statistically significant differentially expressed genes were examined further: heat maps and line graphs with hierarchical clustering by Euclidean distance were examined using Partek Genomics Suite v6.5, and visualization of networks of genes looking for patient-specific responses using BioLayout Express 3D [5] . These analyses were carried out step-wise using a pathway-biology approach, becoming more focused until a defined sub-network of 52 differentially expressed genes was identified [2] . The selected genes had adjusted p values of ≤10 −5 , fold changes of ≥4 and were highly connected in terms of biological pathways and networks.
Classifier training and testing: First, a simulation model based on these 52 genes was established to assess the relationship between the number of gene predictors and classification error and establish suitability of this gene set for use with a panel of classifier algorithms. This approach used leave-one-out cross-validation with four different machine learning methods: Random Forests, Support Vector Machines, K Nearest Neighbour, and ROC-based [6] [7] [8] [9] (Fig. 3) . Leave-one-out cross validation was repeated 100 times for each set of selected genes following a random ordering of the data at each replication to minimize variability of the error estimates [10] .
Next, the ROC-based classification method [9] , (that does not require tuning of parameters and simplifies classification to a univariate decision that can easily be applied to independent data) was trained on the training set to learn the gene expression level differences that distinguish between controls and cases of infection. Internal accuracy of this classifier was tested through leave-one-out cross-validation on the training set, prior to its testing on independent data. Using the platform test set, a subset of 42 of the training set samples (18 infected, 24 controls) hybridized to CodeLink™ Whole Human Genome arrays, the trained ROC classifier was tested for platform-dependent performance. Subsequently, the classifier was tested for performance on completely new and independent neonatal samples, consisting of a further 26 samples (16 bacterially infected samples from 15 infants and ten control samples) which were run on CodeLink™ (seven infected, three control), Affymetrix® HG-U133 Plus 2.0 (two infected, three control) or Affymetrix® Human Genome U219 (nine infected, six control) arrays. Finally, the classifier was tested on n = 30 (hybridized to CodeLink arrays) new and independent cases where infection was suspected but not confirmed through blood culture and performance was compared against 'expert' clinical assessment ( Table 2) .
Discussion
We describe in this paper our detailed technical and analysis methodology for our data set describing the host response to neonatal infection. This data set is a unique repository of data describing the host response at the first sign of neonatal infection and has allowed identification of a 52-gene classifier that predicts bacterial infection with high accuracy. This data set lays the foundation for advancing diagnostic, prognostic and therapeutic strategies for neonatal sepsis and we hope will be of great value for future further investigations by the wider research community.
